Human brain electric activity can be measured at high temporal and fairly good spatial resolution via electroencephalography (EEG). The EEG microstate analysis is an increasingly popular method used to investigate this activity at a millisecond resolution by segmenting it into quasi-stable states of approximately 100 ms duration. These so-called EEG microstates were postulated to represent atoms of thoughts and emotions and can be classified into four classes of topographies A through D, which explain up to 90% of the variance of continuous EEG. The present study investigated whether these topographies are primarily driven by alpha activity originating from the posterior cingulate cortex (all topographies), left and right posterior cortices, and the anterior cingulate cortex (topographies A, B, and C, respectively).
Introduction
Human brain electric activity can be obtained at a high temporal and at a fairly good spatial resolution via electroencephalography (EEG). Continuous EEG data may be analyzed based on a wide range of methods. The EEG microstate analysis has gained increasing popularity (Khanna et al., 2015; Koenig and Brandeis, 2016; M egevand et al., 2008; Pedroni et al., 2016; Pipinis et al., 2016) in recent years. It is particularly attractive for the investigation of cognitive and emotional brain processes (Lehmann, 1990) since it can identify discontinuous, non-linear changes of global functional brain states at a very high temporal resolution (e.g. Lehmann et al., 1987; Lehmann et al., 2010) .
The EEG microstate analysis inspects the topography of the headsurface potential changes of brain electric activity at a millisecond resolution (Koenig et al., 2002) . This procedure has already yielded fundamental insights into human brain functioning. Firstly, it revealed that the brain's electric activity distribution does not change continuously with time, but in discrete steps. One head-surface topography does not transform smoothly into another but stays quasi-stable for a period of approximately 80-120 ms and then abruptly changes to another topography (Lehmann et al., 1987 (Lehmann et al., , 2009 Lehmann and Skrandies, 1980; Michel et al., 2009) . Secondly, it revealed that up to 90% of the variance of the electric potential changes identified via EEG during eyes closed resting can be explained by transitions between only four head-surface topographies (Khanna et al., 2014; Koenig et al., 2002; Wackermann et al., 1993) . These four primary head-surface topographies may represent global brain electric attractor states that the brain transitions into systematically in any individual.
These four characteristic EEG topographies have been extracted consistently across studies via different procedures and clustering algorithms (e.g. Khanna et al., 2014; Pascual-Marqui et al., 1995 . By convention, the four topographies were labeled EEG microstate classes A to D (Koenig et al., 2002; see Fig. 1) . They were remarkably similar in health and disease, different age groups, and during different mental states (resting, task, sleep) (Britz et al., 2010; Brodbeck et al., 2012; Faber et al., 2014; Kindler et al., 2011; Koenig et al., 2002; Milz et al., 2016a; Schlegel et al., 2012) .
However, unlike the topography, the occurrence, frequency, and sequential order of these EEG microstate classes profoundly varied in different populations and mental states. For example, microstate class A was more, class D less prominent in patients and risk groups of several mental disorders compared to healthy controls (Andreou et al., 2014; Faber et al., 2017; Koenig, 2016; Koenig et al., 1999; Lehmann et al., 2005; Milz, 2016; Nishida et al., 2013; Rieger et al., 2016; Strelets et al., 2003; Tomescu et al., 2014) . The length of microstate classes A and B shortened and the occurrence of class C increased with age in the awake eyes closed resting state (Koenig et al., 2002) . The mean duration of all classes was lengthened during deep sleep (Brodbeck et al., 2012) . Class B duration was longer during meditation and healthy controls showed a preferred microstate sequence (A-C-D-A) that was reversed in schizophrenic patients (A-D-C-A) .
Apparently, several EEG microstate parameters are consistently altered in particular populations and particular mental states. However, the functional interpretation of these alterations has proven difficult. Based on their unique properties, the EEG microstates have been postulated to represent the atoms of thoughts and emotions (Lehmann, 1993) . However, so far no conclusive functional implications can be made on what it means when the occurrence and/or the duration of the microstates of a particular class are altered. The functional significance, that is the mental process the EEG microstate classes and their concatenations relate to, has been addressed in previous studies, but has not yet been clearly established (Britz et al., 2010; Milz et al., 2016a; Seitzman et al., 2016) .
A promising approach to learn more about the functional significance of the EEG microstate classes in the brain is to identify and infer potential functions from their cortical sources. The cortical sources of head-surface recorded EEG can be identified via source localization algorithms such as exact Low Resolution Electromagnetic Tomography (eLORETA: Pascual-Marqui, 2007) . A previous study applied this approach to EEG microstate class topographies computed based on a broad band of 2-20 Hz (Pascual-Marqui et al., 2014) . It revealed that the four EEG microstate classes have a common source in the posterior cingulate and additional sources in the left occipital/parietal, right occipital/parietal, and anterior cingulate cortices for microstate classes A through C, respectively (Pascual-Marqui et al., 2014) . These sources corresponded to the four main hubs of the metabolic default mode network (Raichle et al., 2001) .
Thus, it was suggested that the default mode network may not be characterized by simultaneous activity in different brain regions but temporally distinct activations of different network components that are blurred by the low temporal resolution in fMRI (Pascual-Marqui et al., 2014) . Consequently, the temporal dynamics of the four EEG microstate classes might reflect a high-level brain process that activates and/or deactivates these four default mode network hubs repeatedly with various durations, frequency, and in different sequences. Moreover, the large proportion of variance explained by the four microstate classes suggests that this dynamic may be the most prominent component of brain electric activity as measured via continuous EEG recordings altogether.
However, two important pieces of information cannot be derived from the above study. Firstly, it remains unclear whether the microstate class transitions reflect systematic sequences of activation and/or deactivation of these default mode network hubs. Secondly, it remains unclear whether the microstate classes are solely driven by the reported sources or whether additional sources contribute that may or may not systematically differ between classes.
The first point relates to the question whether the cortical activity distributions that give rise to the four microstate class topographies rely on excitatory or inhibitory brain electric activity or a combination of the two. It has been argued that it may be alpha band activity that predominantly establishes the microstate topographies (Milz et al., 2016a) since the alpha band (8.5-12 Hz) is the EEG frequency band of strongest power in the range of 2-20 Hz, which is the frequency range conventionally used to compute the EEG microstates (Koenig et al., 2002; Lehmann et al., 2005; Pascual-Marqui et al., 2014) . However, the alpha band may primarily reflect inhibitory rather than excitatory functions, particularly in task-related brain areas (Milz et al., 2016a (Milz et al., , 2016b Pfurtscheller, 2003; Salenius et al., 1995; Slatter, 1960) .
Previous studies revealed no conclusive results concerning the association of the four EEG microstate classes with specific power spectral distributions (Britz et al., 2010; Musso et al., 2010) . However, these studies investigated mean spectra across all channels that may disguise potential channel-location-specific associations. To our knowledge, no previous study investigated head-surface localization-or sourcedependent power effects on the occurrence of the EEG microstate classes.
The second point relates to the question whether the default mode network hubs, which were identified as a simple average of the sources corresponding to the set of topographic maps of the same microstate state class (Pascual-Marqui et al., 2014) , are indeed uniquely involved in the generation of the microstate class topographies. It is possible that weaker sources outside the default mode network exist, which were masked by the gross averaging procedure. Such weaker sources could likely be identified by comparing source strengths between the generators which establish the different EEG microstate class topographies.
The difficulty with associating the EEG microstate classes with EEG frequency bands is the different time scales (different temporal resolution) required to identify them. For each measured sampling point, the one of the four EEG microstate classes that it belongs to can be determined based on minimal dissimilarity. However, traditional frequency domain analysis techniques, which are used to compute the EEG power in a particular frequency band, require longer time periods than just a few milliseconds. Fortunately, this problem can be overcome by means of a different type of method that is used in the field of time-frequency analysis, the discrete Hilbert transform. By means of the Hilbert Fig. 1 . The head-surface topographies of the four normative EEG microstate classes identified by Koenig et al. (2002) transform, the time varying instantaneous amplitude of a signal, corresponding to a specified frequency band, can be computed as the envelope of the analytic signal (Marple, 1999; Poularikas, 1998) . Thus, with this method, we are able to retrieve for each frequency band and voxel the source strength at each time frame (sample) which can be associated with the corresponding microstate.
In the present study, we identified the frequency-dependent cortical sources of the four EEG microstate classes in two independent EEG datasets recorded in healthy individuals during eyes closed resting (N ¼ 61 and N ¼ 78) . This was achieved by applying the Hilbert transform to eLORETA (Pascual-Marqui, 2007) time series of cortical current density estimates in 6239 cortical voxels, calculated from the EEG recordings. In this manner, for each individual, average frequency-dependent source strengths were computed across all available EEG time frames which induced a class A, B, C, or D head-surface topography, respectively. These frequency-dependent source distributions were then compared via paired t-tests between microstate classes for each dataset. A conjunction analysis revealed the most consistently deviant sources of activity between classes across the two datasets.
We hypothesized that the alpha frequency band determines whether a head-surface topography of class A, B, C, or D is induced (as suggested by Milz et al., 2016a) . Therefore, we expected differences in source strength between the four EEG microstate classes to be more prominent in the alpha band than in the other bands. Based on the primary sources of the microstate classes identified by Pascual-Marqui et al. (2014) , we hypothesized alpha source strength to be strongest in the left posterior, right posterior, and the anterior cingulate cortices for microstate classes A, B, and C, respectively when compared to the other classes.
Material and methods

Datasets and preprocessing
Two preprocessed independent datasets (Dataset 1 and Dataset 2) were available for analysis. They both comprise continuous EEG recordings from healthy participants during eyes closed resting. Dataset 1 comprises 61-channel EEG data from 61 male participants (aged: 18-34 years) during 7 resting runs of 50 s duration each. This dataset was recorded at the KEY Brain Mapping Laboratory at the University Hospital of Psychiatry, Zurich, using a 64-channel BioSemi Recording System (see Milz et al., 2016a for a detailed description). Dataset 2 comprises 1-min, 61-channel eyes closed resting EEG data from 78 participants. This dataset is a subset of freely available EEG recordings from the internet (https:// physionet.org/physiobank/database/eegmmidb/). All technical details about these recordings and their preprocessing are described in Goldberger et al. (2000) , Pascual-Marqui et al. (2014) , and Schalk et al. (2004) . For maximal comparability and to avoid effects of intermittent conditions, only the first resting run of Dataset 1 was used for the analysis.
Datasets 1 and 2 were originally recorded with 64 channels at the following positions: Fp1/2, Fpz, AF7/8, AF3/4, AFz, F7/8, F5/6, F3/4, F1/2, Fz, FT7/8, FC5/6, FC3/4, FC1/2, FCz, T7/8, C5/6, C3/4, C1/2, Cz, TP7/8, CP5/6, CP3/4, CP1/2, CPz, P7/8, P5/6, P3/4, P1/2, Pz, PO7/8, PO3/4, POz, O1/2, Oz, P9/10, and Iz (according to the International "10-10 System": Chatrian et al., 1985; Nuwer, 1987) . For analysis, three of the 64 channels (P9, P10, and Iz) were discarded since they were significantly more distant from the corresponding closest neighbor compared to all closest neighbor inter-distances. This resulted in a more uniform spatial sampling of the scalp with the remaining 61 non-outlier electrodes (see also Milz et al., 2016a; Pascual-Marqui et al., 2014) . Original sampling rates were 2048 Hz and 160 Hz, for datasets 1 and 2 respectively. For dataset 1, preprocessing included resampling to 256 Hz and the extraction of artefact-free 2-s epochs. For dataset 2, no resampling was done and 1-s epochs were extracted from the available 1-min of artefact-free EEG.
In sum, for the two datasets 5828 s of EEG were available during the first eyes closed resting run (Dataset 1: 1382 s, Dataset 2: 4446 s). As commonly done for EEG microstate analysis, datasets were filtered between 2 and 20 Hz prior to analysis and re-referenced to average reference (Koenig et al., 2002; Lehmann et al., 2005; Pascual-Marqui et al., 2014) . This was possible since the EEG devices used to record both datasets used amplifier filter settings that included this common broad band for analysis.
Microstate analysis
EEG microstate analysis was performed separately for each dataset with keypy. Keypy is an open source library for EEG microstate analysis (Milz, 2016; Milz et al., 2016a) and freely available from: www.github. com/keyinst/keypy. It is scriptable and thus requires no direct interaction via a graphical user interface.
EEG microstate segmentation was performed based on the four normative microstate class topographies published by Koenig et al. (2002) (see Fig. 1 ). For each participant and each epoch, the time segments corresponding to a particular class of the four EEG microstate topographies were identified. This was done by extracting all global field power (GFP) peaks within a given epoch (see also e.g. Andreou et al., 2014; Katayama et al., 2007; Schlegel et al., 2012) . The EEG topography at each GFP peak was then labeled A, B, C, or D based on their minimal topographical dissimilarity (Lehmann and Skrandies, 1980) with the four normative maps (disregarding polarity). Microstate beginning and endpoints were defined as the midpoint between two GFP peaks attributed to two different classes. Within each 2-s epoch, the beginning of the first and the end of the last microstate cannot be determined and thus the respective time segments were excluded from the subsequent analysis (see also Milz et al., 2016a) . Note that the approach of identifying microstates based on GFP peaks has the advantage that topographies with a poor signal to noise ratio can be disregarded for microstate segmentation. In sum, we applied the same algorithm that has been used previously (e.g. Koenig et al., 2002 , Koenig et al., 1999 Pascual-Marqui et al., 1995) with two modifications: (1) we identified the time segments corresponding to a particular microstate based on the four classes previously described in the literature rather than extracted via a data-driven manner and (2) the first and last EEG microstate of the 2-s epochs were not considered as applied by Milz et al. (2016a) .
Frequency-dependent intra-cortical source activities
Frequency-dependent intra-cortical instantaneous amplitudes were computed separately for each dataset as follows.
In a first step, for each EEG recording, time series of electric neuronal activity were computed with exact low resolution electromagnetic tomography (eLORETA: Pascual-Marqui, 2007) . In the next step, by means of the Hilbert transform, band limited instantaneous amplitude of the source signals (i.e. envelopes) were computed at each cortical voxel. In particular, for each time frame, the instantaneous amplitude signals (source strength) at 6239 cortical voxels were computed for four frequency bands: delta: 2-6 Hz, theta: 6.5-8 Hz, alpha: 8.5-12 Hz, and beta: 12.5-20 Hz (see Kubicki et al., 1979; Niedermeyer and da Silva, 2005) . Note that relatively broad frequency bands were used, without subdividing the alpha and beta bands, in order to ensure that the analytic signals retained high degrees of freedom (i.e. that they were not limited to near single frequency sine waves). We further note that the instantaneous amplitudes can be calculated by techniques other than the Hilbert transform, such as the short-time Fourier transform or by means of certain wavelets. However, all these methods should reveal similar results, since they are essentially equivalent (see e.g. Bruns, 2004) .
Thus, this procedure results at each voxel and for each frequency band in four time varying signals of instantaneous source strength. More importantly, from another point of view, this procedure reveals for each time frame, images of the instantaneous strength of cortical generators of the different oscillatory activities (delta, theta, alpha, and beta). This time-varying frequency decomposition allows for the first time, to perform an appropriate association with the corresponding microstate classes.
It is important to note that the instantaneous amplitude of the different frequency bands of the EEG (and of the eLORETA source signals) are, by definition, relatively slow signals, since they correspond to the "envelopes" of the oscillatory activity. In terms of time resolution, these slow changing signals are compatible with the dynamics of microstate class signals, where a microstate has a duration of approximately 100 ms. These observations support the use of the methods of analysis developed here for the frequency decomposition of the EEG microstates.
Statistics
For the four EEG microstate classes, their intra-cortical sources corresponding to each frequency band were identified separately for each dataset as follows. For each participant, the time frames associated with microstate classes A, B, C, and D were determined (as described above). Next, for each participant, for each frequency band, and each voxel, the eLORETA instantaneous amplitude values attributed to a particular class were averaged across all time frames. Thus, this procedure yielded a total of 16 mean intra-cortical source distributions for each participant, consisting of each of the four microstate classes, decomposed by frequency bands (four in total). For each frequency band and each voxel, the cortical instantaneous amplitudes of all possible pairs of classes were compared. Paired t-test results were combined between datasets via a conjunction analysis. Conjoint significance across two independent tests (Friston et al., 1999; Nichols et al., 2005) is achieved when the maximum of the two-tailed p-value of a given voxel and frequency band is smaller than the square root of the specified significance level (in our case uncorrected 0.001, i.e., both voxels must satisfy p < 0.0316, see also Friston et al., 1999) . We note that in our datasets, the p-value of 0.001 corresponded to a t-value of 3.4602 for our dataset 1, and 3.4214 for dataset 2. These values were comparable to the t-values retrieved for conventional p < 0.05 and p < 0.10 thresholds when computationally-expensive corrections for multiple testing were applied via the very conservative non-parametric permutation test implemented in LORETA (e.g. the mean corrected t-thresholds for dataset 2 for the critical alpha band were 3.549 and 3.305 for p < 0.05 and p < 0.10, respectively), which relies on the max t-value statistic (Nichols and Holmes, 2002) .
Gravity centers and region of interest-based means of intracortical source activities in the alpha band
Differences in source strength between classes were dominated by the alpha band. For this band, two additional analyses were computed: a gravity center analysis and a region of interest (ROI) analysis.
The gravity center analysis was used to identify the core of the complex spatially-distributed source activity patterns revealed by eLORETA. This method reduces the multivoxel data in a functionally meaningful way, in that it assesses the principal aspects of the spatial organization of brain electric activity. Even though, we cannot directly infer from this analysis that the gravity center itself must have been the source of strongest activity, different gravity centers must result from different spatial organizations of activated neuronal populations (see also Tsuno et al., 2002) . For each EEG microstate class, the cortical 3D coordinates of the center of gravity of the mean source activity distribution across participants and across voxels was computed. The gravity center is defined as the weighted average coordinates with the weights given by the mean instantaneous amplitudes.
The ROI analysis was computed as follows. After the main analysis, nine clusters of voxels turned out to differ in source strength between the four EEG microstate classes. Some of these differences were increases others were decreases of activity from one class to another. Each of these nine clusters was defined as one ROI. Subsequently, for each of the two datasets, and each of these nine ROIs, the mean source strength across all voxels within a ROI, was computed. Mean absolute source strengths within these ROIs across participants are reported and comparisons between ROIs within classes were performed by paired t-tests.
Results
Explained variance of EEG microstate class topographies and descriptive parameters
For Dataset 1, the four normative EEG microstate classes explained on average across participants 76% of the variance of all global field power peaks and 70% of the variance of all EEG time frames. For Dataset 2, the four normative EEG microstate classes explained on average across participants 72% of the variance of all global field power peaks and 65% of the variance of all EEG time frames. The average time spent in the four classes (mean duration), their mean occurrence per second (mean occurrence), and the mean percentage of time they covered (coverage) across participants can be found in Inline Supplementary Table 1.
Intra-cortical source activity differences between classes
Separate analyses of datasets, as well as the conjunction analysis revealed significant voxel-wise differences between the mean intracortical instantaneous amplitudes of the four EEG microstate classes in the four EEG frequency bands. In the following, the results of the conjunction analysis will be described.
Significant differences were observed for all four EEG frequency bands: delta, theta, alpha, and beta (see Inline Supplementary Figs. 2-5 ). However, they were clearly dominated by the alpha frequency band as reflected by its' largest proportion of voxels differentially activated between classes compared to other bands (on average 34% compared to 1% in the delta, 3% in the theta, and 3% in the beta band, Table 1 ). Therefore, in the following, we focus on the sources in the alpha band.
Figs. 2-4 illustrate these alpha band differences in six equidistant brain slices for classes A, B, and C compared to the other classes, respectively. EEG microstate class A was characterized by increased mean source strength in the alpha band in left posterior regions compared to classes B and D (Fig. 2) . EEG microstate class B was characterized by increased mean source strength in the alpha band in right posterior regions compared to class A and D (Figs. 2 and 3) . EEG microstate class C was characterized by increased mean source strength in the alpha band in large portions of the whole cortex, predominantly in the left temporal lobe compared to classes B and D, and right occipitotemporo-parietal areas compared to class A (Figs. 2-4) . EEG microstate class D was characterized by increased mean source strength in the alpha band in large portions of the whole cortex compared to classes A and B. We note that no other microstate class showed larger alpha source strength in any brain region than class C. Interestingly, the dorsolateral prefrontal cortex (BA 9) did not show any significant alpha source strength differences between classes.
In sum, microstate classes C and D were characterized by stronger mean source strength than classes A and B in wide-spread cortical regions, particularly in the right hemisphere compared to class A, and the left hemisphere compared to class B. Classes A and B were characterized by a lateralization difference. Class A showed increased left posterior and decreased right posterior alpha source strength compared to class B. Class C was characterized by increased occipital and left parietal alpha source strength compared to class D.
Gravity centers and ROI-based means of intracortical source activities in the alpha band
Since the alpha EEG frequency band clearly appeared most decisive in determining the EEG microstate class topography, we applied two additional analyses to learn more about the spatial distribution of the alpha generators of the four classes.
Firstly, for each microstate class, we computed the center of gravity of the mean intra-cortical alpha source strength across participants, across the 6239 voxels. This analysis revealed four centers of activity for the four frequency bands. These centers of activity were all localized in the posterior cingulate cortex, consistently across the two datasets (dataset 1: mean MNI coordinates across classes x ¼ 0.45, y ¼ À23.31, z ¼ 20.05, SD x ¼ 0.17, y ¼ 0.12, z ¼ 0.11; dataset 2: mean coordinates across classes x ¼ 0.57, y ¼ À24.66, z ¼ 17.61, SD x ¼ 0.15, y ¼ 0.14, z ¼ 0.05). Theoretically, the center of gravity could lie outside the area of active neural sources. However, this was not the case in our datasets, in which P. Milz et al. NeuroImage 162 (2017) 353-361 for all microstate classes, voxels in the posterior cingulate cortex belonged to the third of voxels showing maximal source strength. Secondly, we defined nine ROIs as follows. For each of the 6 comparisons between microstate classes in the alpha band, we identified all voxels significantly different between classes, separately for increases (occurred in 4 comparisons) and decreases (occurred in 5 comparisons). For each of these ROIs, we computed the mean instantaneous amplitude values across all voxels in the respective ROI. Their means across participants and the corresponding standard deviations are listed in Table 2 . We note that for both Dataset 1 and Dataset 2, EEG microstate class B had higher right posterior compared to left posterior activity based on a contrast between activity means for ROIs 1 (left posterior) and 2 (right posterior) (Dataset 1: t ¼ À2.75, p ¼ 0.008; Dataset 2: t ¼ À5.37, p < 0.001). There was no significant difference in activity levels between these two ROIs for microstate class A (Dataset 1: t ¼ À0.34, p ¼ 0.735; Dataset 2: t ¼ 1.22, p ¼ 0.228). Consequently, left-posterior intra-cortical alpha source strength was stronger in class A than class B (see Source Differences between Classes), and right-posterior activity in class B than A but only for class B a within-class-difference between mean left-and right-posterior source strength (based on the respective ROIs) was observed.
Discussion
The present study revealed consistent EEG frequency band-wise intracortical source strength differences between time periods associated with EEG microstate classes A, B, C, and D during resting across two independent datasets. Both datasets were obtained in healthy participants during eyes closed resting. The comparison of intra-cortical source strengths was performed by computing frequency-band specific instantaneous amplitudes in 6239 intra-cortical voxels. All possible combinations of classes were compared in the two datasets. Consistent differences across datasets were identified via a conjunction analysis.
Frequency-dependence of EEG microstate class topographies
In line with our hypothesis (see also Milz et al., 2016a) , the spatial distribution and extent of intra-cortical source strength in the EEG alpha band predominantly determined whether a head-surface topography of class A, B, C, or D was induced. This was reflected by the large proportion of voxels differentially activated between microstate classes in this band (34% on average across comparisons) compared to the negligible fractions in all other bands (<5% on average across comparisons). Previous studies had not been able to reveal conclusive results on the interrelationship between EEG microstate classes and spectral power characteristics (Britz et al., 2010; Musso et al., 2010) . Our results showed that such interrelations can be reliably identified across datasets when location-/source-dependent power effects rather than global effects (e.g. derived from averages across channels) are investigated.
Intra-cortical sources of EEG microstate class topographies
The expected spatial differences in intra-cortical alpha source strength between classes were largely in agreement with our hypothesis (see also Milz et al., 2016a; Pascual-Marqui et al., 2014) . EEG microstate class A showed increased left posterior alpha activity compared to classes B and D; EEG microstate class B showed increased right posterior alpha activity compared to classes A and D, and EEG microstate class C showed increased alpha activity in the anterior cingulate cortex (ACC) compared to all other classes.
Moreover, a center of gravity analysis revealed one main common source of intra-cortical alpha activity across microstate classes. This center was in the posterior cingulate cortex (PCC) for all four classes, and consistently across the two datasets. A previous broad-band (2-20 Hz) source localization analysis also identified the PCC as a common center of activity to the four microstate classes (Pascual-Marqui et al., 2014) . Our results indicate that this finding is likely accounted for by alpha activity.
However, contrary to our hypothesis, classes A and B did not show any location-specific alpha increases compared to class C. Instead, EEG microstate class C showed increased EEG alpha source activity compared to all other classes. These activity increases were observed in wide spread cortical regions beyond the ACC including the left and right posterior Fig. 4 . Intra-cortical alpha (8.5-12 Hz) activity differences between EEG microstate class C and D (for details see Fig. 2 ).
Table 2
Mean and standard deviation (in brackets) of mean source activity (instantaneous amplitudes of current density in μA/mm 2 ) across voxels in 9 Regions of Interests (ROIs) across all participants. ROIs were derived based on all voxels significantly increased or decreased between classes of the 6 comparisons depicted in Figs cortices. Therefore, our results further suggest that many brain regions beyond the default mode network are involved in the generation of the four EEG microstate class topographies.
EEG microstate analysis approach
We applied an EEG microstate analysis approach in which the EEG microstate class topographies were not computed based on the dataset at hand but were derived from reverence maps. This means that we did not recompute the four microstate classes based on the participants' EEG data in our datasets via the modified k-means clustering algorithm and subsequent first principal component-based mean computation procedures frequently applied in the past (e.g. Koenig et al., 1999; Nishida et al., 2013; Seitzman et al., 2016) . Instead, we used the four normative class topographies published by Koenig et al. (2002) to identify the time periods within participants' EEGs corresponding to classes A, B, C, and D. The four normative classes were obtained from 496 healthy participants and are publicly available (www.github.com/keyinst/keypy). This approach was chosen for two reasons. Firstly, it allowed optimal comparison between the results derived from our two datasets. Secondly, it allows future studies to draw conclusions about the cortical regions involved in the generation of the normative map topographies rather than of the slightly varying topographies derived from the smaller datasets (N ¼ 61 and N ¼ 78) used in this study. Even though remarkably similar across many studies, at least some studies (e.g. Koenig et al., 1999; Nishida et al., 2013; Seitzman et al., 2016) report one or more of the four data-driven map topographies to deviate quite considerably from the normative maps (Koenig et al., 2002) . The causes of such deviations and their effects on the EEG microstate class topographies' cortical sources remain to be investigated.
The disadvantage of our approach is that the percentage of variance explained by the four classes was slightly lower than the percentage reported in the literature. The explained variance in our datasets ranged from 65% to 76% (depending on whether we aimed to explain all EEG time frames or high signal-to-noise ratio GFP peak time frames only) as compared to more than 79% in some (Kindler et al., 2011; Koenig et al., 1999 Koenig et al., , 2002 but not all studies (e.g. Seitzman et al., 2016 ) that used a data-driven microstate class computation approach. We assume that the unexplained variance reflects (1) the intermediary topographies that occur during transitions between microstate classes, which are topographical mixtures of the latter and typically shorter and of lower signal to noise ratio, (2) natural fluctuations in the exact topographical configuration of the four microstate classes across participants, and (3) systematic fluctuations of the topographical configuration of the four microstate classes which may be associated with a participants thinking modality (as for example reported by Milz et al., 2016a) or other factors that are yet to be identified.
We note that the choice to investigate exactly four EEG microstate classes rather than any lower or higher number of topographies was based on previous studies that identified four classes to be optimal based on a cross-validation criterion (e.g. Koenig et al., 1999) and a study that identified four normative EEG microstate classes based on a large sample of 469 healthy participants (Koenig et al., 2002) . However, these studies investigated resting state EEG and used only a limited number of EEG recording channels. Both, the mental state and the degree of spatial resolution (which depends on the number of channels), may affect the number of microstate classes that optimally explain the variance of brain electric activity across time. Future studies must clarify whether this indeed is the case.
Impact of results
Our findings have fundamental implications on the interpretation of the brain functional dynamics reflected by the EEG microstates. They entail that time periods associated with the predominance of different EEG microstate classes are characterized by increased alpha source strength in specific brain regions. Alpha frequency oscillations reportedly exhibit inhibitory rather than excitatory brain activity, particularly in task-related brain areas that may include cortices involved in the processing of different sensory modalities or motor activities (Milz et al., 2016b; Pfurtscheller, 2003; Salenius et al., 1995; Slatter, 1960) . Consequently, our results suggest that the EEG microstate dynamics may reflect systematic sequences of deactivation or inhibition in default mode network hubs (Pascual-Marqui et al., 2014) and additional brain areas rather than sequences of facilitation. Each class may represent a different attractor state that the brain repeatedly transitions into. The metabolic default mode network identified via fMRI likely reflects a temporally smoothed representation of these regular spatially-distributed states of inhibition or reduced cortical excitability.
Furthermore, our results have a fundamental impact on the interpretation of previous results retrieved from the EEG microstate analysis. For example, the apparent conflicting finding of increased prominence of class A reported during visualization, and class B during verbalization (Milz et al., 2016a) and the associations of microstate classes A and B with metabolic networks associated with phonological and visual processing, respectively (Britz et al., 2010) can now be resolved. Our results suggest that, in line with Britz et al. (2010) , classes A and B are indeed associated with left and right posterior brain regions involved in phonological and visuo-spatial processing, respectively. However, increased prominence of classes A and B -if we accept the assumption that our broad alpha band reflects inhibitory activity in modality-related areas -reflect longer time periods during which the respective brain regions are inhibited rather than facilitated. Consequently, we found class A more prominently involved during visualization, and class B during verbalization as reported by Milz et al. (2016a) .
Moreover, the previously reported increased prominence of class C during resting compared to tasks (Milz et al., 2016a; Seitzman et al., 2016) is no longer surprising when we consider that class C sources were characterized by increased alpha activity in 26-54% of voxels and no decreases compared to all other classes. Increased alpha activity, particularly in task-related areas, has frequently been reported in resting conditions compared to tasks (de Pesters et al., 2016; Pfurtscheller et al., 1996) . This is also in line with the proposition made by Seitzman et al. (2016) that class C occurrence might be associated with the activity of a network that is more strongly activated when no explicit task is performed.
On a side note, descriptions of several samples described in the literature (e.g. Faber et al., 2017; Schlegel et al., 2012; Koenig et al., 2002) and our results suggest that participants tend to spend most of their time during resting in the two microstate classes C and/or D rather than in A and/or B. That is, the topographies of either of the two classes of rather symmetric left-right-hemispheric distribution, and based on our results, increased alpha source strength, seem to be more prominent than the other two. This does not necessarily hold, however, for other states of consciousness (e.g. hypnosis: Katayama et al., 2007) . Further research is needed to determine differing microstate class prominence patterns in different states or during task execution.
If EEG microstate class topographies were indeed driven by inhibitory alpha oscillations, as our results suggest, the question arises in favor of which brain regions these wide-spread alpha inhibitions might be taking place. Our analysis revealed only a very limited number of voxels significantly different in an EEG frequency band primarily associated with facilitation such as beta activity. The lack of significant differences in the beta band suggests that there may indeed be no specific brain regions consistently differentially facilitated between the four microstate classes or that such differences exist but involve brain regions of a strongly heterogeneous functional structure (Fehr, 2013) which would make it hard for group statistics to identify them. It remains to be investigated whether the same or very similar head-surface topographies would be retrieved, if the microstate analysis would be based on the alpha frequency band only rather than on the conventionally used broad frequency band of 2-20 Hz (Koenig et al., 2002; Lehmann et al., 2005; Pascual-Marqui et al., 2014) .
The previous microstate literature suggested quite heterogenous functions for the four EEG microstate classes. They include associations with visual or verbal processing (Milz et al., 2016a) , the default mode network Hz (Pascual-Marqui et al., 2014) , task-negative and task-positive networks (Seitzman et al., 2016) , reality testing (Kindler et al., 2011; Nishida et al., 2013; Rieger et al., 2016) , autonomic, and attention-related processing (Britz et al., 2010) .
Our results suggest that these heterogeneous associations may simply reflect the heterogeneity of functions of the many brain regions differentially involved in the generation of the four EEG microstate classes. Increased demands in one of these many functions may contribute to changes in duration and/or occurrence of particular EEG microstate classes in varying degrees.
Conclusions
The present study revealed that the intracortical strength and spatial distribution of intra-cortical alpha oscillations predominantly determine whether a head-surface topography of EEG microstate class A, B, C, or D is induced. EEG microstate class C was characterized by stronger alpha activity compared to all other classes in large portions of the cortex. Class A was associated with stronger left posterior alpha activity than classes B and D, and class B with stronger right posterior alpha than A and D.
Previous results already indicated that the EEG microstate dynamics reflect a fundamental mechanism of the human brain. These dynamics are characterized by systematic transitions between four head-surface topographies, the EEG microstate classes. Different patterns of transitions were associated with different mental states in health and disease. Our results show that these dynamic topographical changes are driven by intra-cortical alpha oscillations likely reflecting decreased cortical excitability. Thus, we propose that the EEG microstate class dynamics reflect systematic transitions between four global attractor states that are characterized by selective inhibition of specific intra-cortical regions.
